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Abstract

Large language models (LLMs) are powerful tools for science, and tool calling enables them
to act as autonomous agents that consult specialist models, run calculations and carry out
experiments. To guide an agent’s reasoning, however, specialist information must enter the
LLM’s context. Current-generation LLMs generally require that information to be translated
into text, images, audio or video—a severe bottleneck between models that natively process rich,
high-dimensional representations. We advocate direct representation exchange: a mindmeld
through which an LLM could receive many properties together, including information it would
not think to request. Such an interface should be extensible, making new specialists easy to add;
flexible, allowing their information to support changing questions and tasks; and compositional,
enabling independently connected specialists to work together without joint training.

We introduce the Latent Interconnect Protocol (LIP) to support this exchange. Its connec-
tors are learned mappings that bring specialist representations directly into the LLM’s internal
states. Keeping the language model frozen and only training the connectors makes this approach
practical as LLMs grow and evolve. Our demonstration connects three protein and three small
molecule specialists to three LLMs, Gemma 3 (4B and 12B parameters) and Kimi K2.6 (1T
total, 32B active parameters) [53], while keeping all pretrained models frozen. Independently
trained connectors provide useful information without changing the LLM or existing connec-
tors, while supporting both familiar and new question types about unseen objects. We also
demonstrate zero-shot transfer to cross-domain tasks without joint training. Task performance
and compositionality generally improve with LLM capability, with particularly strong gains in
zero shot task transfer. The demonstration also exposes limitations of current LLMs: they were
not trained to treat specialist representations as native inputs, and access to information does
not ensure its reliable interpretation, integration or use during reasoning. We call on specialist
developers to provide consistent representation interfaces and, especially, on LLM developers to
train models to receive, combine and reason with these inputs. Together, these efforts could ex-
pand the information available to scientific agents while preserving the flexibility of conventional
tools. We release data, pretrained connectors, and code for training, evaluation and interactive
inference: https://github.com/PolymathicAI/AI-Mindmeld.

1 Introduction

Large language models (LLMs) are powerful tools for interpreting scientific literature, developing
hypotheses and reasoning about experiments. Tool calling expands their capabilities further, en-
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Figure 1: Latent Interconnect Protocol alongside tool calling. (a) The tool-output route
returns selected properties as words or numbers; the latent route supplies specialist representations
through learned connectors. The question and outputs are illustrative, and one agent can use both
routes. (b) Connectors selected from the registry write the protein and compound representations
into separate prompt slots at the marked layers. The @ symbols denote the mixing operation
defined in Section 2.1. The layer choices are schematic and may differ between specialists. Each
representation occupies one token here; LIP also permits multiple-token slots. Registry entries are
trained independently, and new connectors can be added without changing the shared language
model or existing connectors. The displayed models and domains illustrate the registry’s organiza-
tion.

abling them to act as autonomous agents that retrieve data, run calculations and interact with
experimental systems [64, 78]. Such agents have been used to plan chemical syntheses [9], operate
laboratory systems [8] and answer biomedical questions using external tools and databases [31].
They can also consult specialist machine-learning models trained on scientific data, gaining access
to predictions and knowledge about proteins, molecules, cells and other systems [42].

Specialist models may produce many kinds of artifacts, but their contents can inform an LLM’s
reasoning only if the LLM can ingest them into its context. For current-generation LLMs, this
generally means text, images, video or audio—the communication media used by humans. Routing
information between models through these formats imposes a severe bandwidth bottleneck, even
though both models operate on high-dimensional representations (Figure la). As an example,
for a complex query regarding a protein sequence, an agent may need to make explicit queries
to specialized tools to calculate or retrieve properties. Making these properties explicit requires
selecting them, retrieving or computing them, and adding the results to the agent’s context. Direct
representation exchange offers a richer channel: a mindmeld in which an LLM receives specialist
information in latent form. One representation can carry many properties together, including
information the LLM does not know or would not think to request.

A framework for this richer exchange should preserve the strengths that make tool use powerful.
It should be extensible, making new specialist models easy to add; flexible, allowing the same
representations to support different questions and tasks; and compositional, enabling information
from independently added specialists to be used together without training on each new combination.



Furthermore, frontier language models embody substantial training investment and continue to
evolve through new releases [37, 53]. Requiring each specialist to adapt and maintain its own LLM
would make community-wide extension costly to sustain. A practical interface should therefore keep
the shared LLM frozen and confine alignment to connectors that are economical to fit and refit as
models evolve. Together, these properties would allow a scientific agent to draw on a growing set
of models as its questions change.

Prior work connects scientific representations to LLMs [49, 70, 83], while the closest framework
for independently composed connections focuses on perceptual modalities [55]. Updating the LLM
during alignment compromises independent extensibility by changing the shared interface [70], and
task adaptation through in-context demonstrations is distinct from composing independently con-
nected specialists without examples of their combination [83]. More fundamentally, these interfaces
constrain specialist information to the input embedding layer [49, 70, 83, 55|, despite evidence
that deeper layers capture higher-level linguistic information [67] and that multilayer injection im-
proves performance [52] (see also Section 4.5). What remains missing is a general framework for
specialist models that jointly supports flexibility, compositionality and extensibility while allowing
representations to enter beyond the input embedding layer.

We introduce the Latent Interconnect Protocol (LIP) to implement this form of communication.
Under LIP, each specialist is linked to the LLM by a connector: a learned mapping from the spe-
cialist’s representation to the LLM’s internal states at designated positions in a prompt (Figure 1b).
Our ablations support injecting representations into deeper layers: a single write at a selected in-
ternal layer outperforms a single input write, while injection at six layers gives the highest average
performance (Section 4.5). In our implementation, connectors are trained independently while the
specialists and shared LLM remain frozen, so a new specialist can be added without changing the
LLM or existing connectors. A short sentence can then bring together representations from several
specialists. The LLM’s existing knowledge and reasoning provide the basis for using these indepen-
dently supplied representations together. LIP complements interfaces such as the Model Context
Protocol (MCP) [4]; Python execution, database queries and other tools remain indispensable.

Our demonstration connects three protein specialists and three small molecule specialists to
three LLMs, Gemma 3 (4B and 12B parameters) and Kimi K2.6 (1T total, 32B active parame-
ters) [53]. These connections support questions about unseen objects and transfer to new question
types. We also test whether independently trained connectors can combine information about the
same protein and answer questions about relationships between proteins and compounds. Task
performance and compositionality generally improve with LLM capability, with particularly strong
gains in zero shot task transfer. Together, these demonstrations show how independently con-
nected specialists can extend an LLM’s capabilities across changing questions and combinations of
information sources.

Our implementation illustrates a broader limitation of connecting specialists to current LLMs:
the LLM was not trained to interpret their representations as native inputs. Alignment can make
specialist information accessible without ensuring that the LLM recognizes what kind of input it
has received, combines it reliably with other sources, or uses it consistently during generation.
For example, the LLM sometimes describes an injected protein representation as a familiar word
or protein name, and generating a rationale before answering reduces protein property prediction
performance across all three LLMs.

Realizing the broader vision calls for a community effort on both sides of the interface. For
LLM developers, the opportunity is to make specialist representations a native part of model
training, explicitly teaching models to receive, combine and reason with them. Specialist-model
developers can support this direction by exposing representations through consistent, documented
interfaces. Shared conventions would make new models easier to connect without requiring them



to learn the same representations. We call on the community to develop these capabilities so that
scientific agents can use the information specialist models already encode, at the bandwidth of their
representations and with the flexibility of ordinary tools.

Related work

We relate LIP to six areas of prior work: text-based model interfaces, LLMs that read specialist
representations, support for multiple domains, support for multiple specialists within a domain,
composition without joint training, and communication through internal states.

Interfaces through text. Beyond the tool-using agents discussed in the introduction, Socratic
Models and HuggingGPT connect many pretrained models through a language model and exchange
information among them as text [79, 65]. A second family writes biological objects themselves as
strings and trains the language model on them [56, 76, 73, 74, 38, 60, 5]; having been trained on
such mixtures, several of these models already answer questions that relate a protein to a small
molecule in one prompt [56, 76, 73]. SciCore-Mol and Kamai et al. replace the text interface with a
learned representation, but they fine-tune the language model and each serves one domain [16, 34].

Reading a specialist representation. Once a representation reaches the language model, it can
be read and described in words. MetaLLM proposed language models as a general-purpose interface
to other foundation models, training the LLM together with its connections [30]. Later systems
describe images, proteins, molecules, cells and stars from their embeddings [43, 13, 49, 63, 34, 1, 48,
84, 47, 41, 12]. Most of them fine-tune the language model, which can degrade its performance on
text-only tasks [80]; those that keep it frozen typically either insert new modules [3, 82] or supply
the representation only at the input [69, 57, 17, 33|, as in BLIP-2 and ChatNT [40, 18]. DeepStack
and ImageBind-LLM inject visual features at multiple layers while also adapting the LLM [52, 28].
Patchscopes and activation addition write vectors into the residual stream of an unmodified model
to interpret or steer it [23, 71]; we use such a write as a trained interface at several layers of an
unmodified model.

Several types of object. A language model that reads one specialist can in principle read
several. PaLM-E and ChatBridge train on combinations of inputs [19, 81]. OneLLM aligns eight
modalities through shared components, revisits earlier modalities” data when adding new ones, and
fine-tunes the LLM [27]. Scientific systems that align several types separately, such as BioMedGPT-
10B and BioVERSE, evaluate one type per prompt [49, 70], and the general method Vector-ICL
connects encoders from many domains but uses one encoder per task [83].

Several models of one type. The question of breadth has a counterpart within a single type of
object, where different encoders capture different aspects of the same protein or molecule. Existing
systems fuse several such encoders into one jointly trained input [72, 44, 36, 77, 1, 35|, or offer
alternative encoders that are used one at a time, either with the language model fine-tuned for
each [20] or through separate projectors into one frozen language model [83]. We place separately
aligned encoders side by side in separate slots of one prompt.

Composition without joint training. Placing several separately aligned representations in one
prompt is useful only if the language model can combine them. That separately aligned inputs can
be combined without joint training has been reported for perceptual modalities in a frozen language



model by X-InstructBLIP [55]. ImageBind-LLM transfers an image-trained connection to other
modalities using their prealigned ImageBind space [28]. Outside language models, ImageBind aligns
modalities through a common hub modality [24], and BioBridge learns knowledge-graph-supervised
transformations between biomedical models for retrieval [75]. We evaluate independently aligned
scientific inputs by combining representations of the same protein and answering protein—compound
relationship questions, distinguishing assembly from useful joint use (Section 4.3).

Communication through internal states. More broadly, several studies let models communi-
cate through internal representations instead of text [15, 62, 46]. Language models have exchanged
output embeddings [58], intermediate states in Communicating Activations [59], key—value caches
in Cache-to-Cache [22] and hidden states [85]; CALM composes two frozen language models through
cross-attention trained on examples of the combined skill [7]; the Vision Wormhole connects vision-
language models through their visual input pathway [45]; and frozen encoders have been connected
through their latent spaces [54, 50]. Two of these studies argue explicitly that decoding an internal
state into text discards information [59, 22], a related motivation for latent communication. Our
emphasis is the bandwidth cost of selecting and rendering scientific information as explicit outputs.
We develop a direct channel for specialist models that have no language interface, with a language
model as the medium through which they communicate.

2 Latent Interconnect Protocol

The mindmeld outlined above calls for extensibility: new specialists should be easy to add; flex-
1bility: their representations should support changing questions and tasks; and compositionality:
independently connected specialists should work together without training on each new combina-
tion. These desiderata motivate a framework in which each specialist has its own connection to the
LLM, task instructions remain separate from the representation interface, and multiple connections
can be assembled in one prompt. The Latent Interconnect Protocol (LIP) provides one realization
of this idea. Here, connectors are learned independently against a shared frozen LLM, using affine
maps to write specialist representations into its internal states.

A connector binds a particular specialist to this interface: it records the representation to
extract, the maps into the language model’s states, and where and how those maps are applied.
Figure 1b illustrates a prompt assembled from such connections. Tools can invoke the specialists;
LIP determines how their representations enter the LLM. Connectors can differ in architecture,
injection layers and training procedure. Here, we describe one approach to constructing them,
followed by how LIP registers and combines independently constructed connectors. Section 3
describes the connections constructed for six specialists and three LLMs. Figure 2 summarizes the
construction procedure used here.

2.1 Connecting a specialist

A representation enters through designated placeholder tokens, which we call its slot. In Figure 1b,
the protein and compound each receive a slot; the same object could also occupy several slots
supplied by different specialists. LIP allows a slot to span multiple tokens. Our main experiments
use one token per representation, with multiple tokens examined in Section 4.5. The rest of the
prompt supplies ordinary language, as in “Tell me about the protein (slot).” The same connector
can be reused with different questions in the surrounding text. The connector writes at the slot,
and subsequent tokens read its state through the language model’s existing attention.
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Figure 2: Three stages of independent connector training. 1. Align. Layer-specific maps
match specialist representations to text-derived reference states in the LLM. The schematic illus-
trates alignment to description states; the connectors evaluated here instead align to states obtained
from object names. 2. Select. Injection layers are selected to span the LLM’s depth, guided by
local peaks in single-layer AUROC on held-out scan objects. 3. Train. The selected maps write
into the object’s slot and are refined by answer loss. Gradients pass through the frozen LLM to
the connector; both pretrained models remain frozen throughout. Layer counts, bar lengths and
example text are illustrative, not measured results or recorded model responses. Table 2 gives the
actual schedules.

We implement the writes as follows. For a specialist embedding e € R%, fixed coordinate-wise
standardization gives z = (e—pu)/s. At each selected layer ¢, an affine map produces §; = Wyz+b, €
R?, where d is the language model’s residual width. These maps align the specialist’s representation
with states usable by the LLM. Each connector specifies its representation, standardization and
injection layers.

At each injection point marked by @ in Figure 1b, the projected vector is mixed with the slot’s
residual state hy at the input of layer ¢:

ug hy d¢

e Wil = O e .
The mixing weight ay € [0, 1] interpolates between the two directions while preserving the incoming
norm; the mixing weights at all selected layers are learned during the training stage. Only the
slot is modified directly; its contents affect subsequent computation through the model’s normal
processing. Our implementation supplies a learned, object-independent constant at the token
embedding. Numerical implementation details are given in Supplementary Section A.4.2. On
prompts without injected slots, the connector is inactive and the language model’s computation is
unchanged.



2.2 Constructing an independent connector

We describe one approach to constructing a connector through alignment, injection layer selection
and task training (Figure 2). Both pretrained models remain frozen throughout. Section 3 gives
the specific choices used in our experiments.

We start from a dataset of objects paired with textual descriptions and a set of tasks with
a metric for evaluating the LLM’s responses. For example, Yes/No questions can be evaluated
by AUROC using scores derived from the LLM’s Yes and No token probabilities. The paired
descriptions provide alignment targets, while the tasks provide feedback for layer selection and
training.

1. Align. Alignment provides an initial mapping from specialist representations to states
the LLM can use (Figure 2, stage 1). Our approach fits these maps to reference states produced
when the LLM processes the paired descriptions. Because different LLM layers carry different
information, each candidate injection layer receives its own map. This provides a starting point for
subsequent task training.

2. Select. Writing at every layer can require billions of connector parameters. A practical
connector therefore needs a limited set of injection layers that makes effective use of the specialist
representation. Evaluating the aligned maps individually on these tasks using the chosen metric
provides a performance profile across the LLM’s depth (Figure 2, stage 2). This profile can guide
selection toward local performance peaks while retaining coverage of different depths, allowing the
representation to enter at several stages of computation.

3. Train. Each connector is trained independently on these tasks to improve the LLM’s use of
the specialist’s representations (Figure 2, stage 3). Gradients from the task loss pass through the
frozen LLM to update the connector’s parameters while both pretrained models remain unchanged.
Because trainable parameters and optimizer state are confined to the connector, adding a specialist
does not require a separately adapted copy of the LLM: the same frozen LLM serves every connector
registered for that version.

2.3 Registry and composition

The registry in Figure 1b collects connectors for the shared language model. A registry entry
identifies a specialist model and LLM pair, the representation and standardization, and the learned
maps and injection schedule. It contains what is needed to apply the connector without its training
data. An entry can be added or updated by fitting only its connector, leaving the language model
and other connectors unchanged. Application details are described in Supplementary Section A.6.

At inference, each slot selects its connector independently. Several slots can describe the same
object through different specialists, or different objects from the same or different domains. The
connectors write to their assigned positions, and the language model’s existing knowledge, attention
and reasoning provide the means to combine their information. Sharing the LLM and slot interface
allows these combinations to be assembled without further fitting. Their usefulness depends on
whether the language model can use them together, which motivates the experiments that follow.

3 Constructing the demonstration

We demonstrate LIP by connecting protein and small molecule specialists to Gemma 3 (4B and
12B parameters) and Kimi K2.6 (1T total, 32B active parameters) [53]. These domains provide a
concrete example of the broader opportunity for latent communication: specialist representations
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Figure 3: Varied supervision through one connector. (a) Configured shares among non-
variant examples. Illustrative prompt—target combinations, not logged draws or generated answers;
the description answer is abbreviated and the relational pair is schematic. The full description
field is truncated at 48 tokens during training. (b) Prompt variations in slot position, worked
context, answer format and reasoning. All numbered slots within a prompt use the same connector.
(c) Inner rings show the mix of training streams; outer rings show the question types. Protein
training additionally includes questions about mutation effects, pathogenicity and loss of function.
Percentages refer to the full training mix in each domain. Headers give training-pool sizes; sampling
details are in Supplementary Section A.2.3.



contain information relevant to many questions, and relationships between their objects create
meaningful opportunities to combine that information. Questions about individual proteins or
compounds test the reuse of each connection, while protein—compound questions test whether
independently connected sources can work together.

For each LLM, we connect the same three specialists from each domain, fitting each connec-
tor independently while keeping all pretrained models frozen. This lets us examine reuse across
independently learned representations and how it varies with LLM capability.

We evaluate extensibility through independently added specialists, flexibility through familiar
and new questions about unseen objects, and compositionality through joint questions using inde-
pendently trained connectors within and across domains. These evaluations also reveal how the
ability to interpret and combine latent inputs varies with LLM capability, identifying what must
improve to realize the broader vision.

3.1 Models and representations

The protein specialists are MIMIC [25], ESM-C [11] and PGLM [14], each receiving an amino-acid
sequence. The molecule specialists are MoLFormer [61], Uni-Mol2 [32] and ChemFM [10].

For each specialist, we inspect read layer performance using property probes and, for proteins,
variant probes. Based on these, we select up to two layers with complementary performance, retain-
ing their concatenation when it improves performance on at least one task. These choices precede
alignment, and the same selected representations are used across all three LLMs. Table 1 lists the
representations and their dimensions. Read probes and layer profiles are given in Supplementary
Section A.4.1.

Specialist Representation Dim.
Proteins

MIMIC Layer 16 (mean pooled) || Layer 20 (mean pooled) 3,072
ESM-C 600M Layer 33 (mean pooled) || Layer 36 (mean pooled) 2,304
PGLM-1B Layer 24 (mean pooled) 2,048
Molecules

MoLFormer-c3 Layer 9 (mean pooled) || Layer 12 (EOS token) 1,536
Uni-Mol2 1.1B Layer 23 (CLS token) || Layer 23 (mean pooled) 3,072
ChemFM-1B Layer 17 (last token) || Layer 17 (mean pooled) 4,096
Dim.: extracted representation width; ||: concatenation in the listed order.

Table 1: Specialist read layers and representations. Read layers were chosen using property
probes and, for proteins, variant probes; complementary layers were concatenated when they im-
proved performance on at least one task.

Each representation occupies one token in the main experiments. Full model and extraction
details are given in Supplementary Section A.1.

3.2 Prompts, data and evaluation

Prompt construction. We use varied supervision so that each connector is trained to make an
object’s representation useful for different questions. Single-object text targets ask for descriptive
information, Yes/No targets focus on individual properties, and relational targets ask about mul-
tiple objects (Figure 3a). Reference answers are constructed from the corresponding annotations.



Both domains use these three example types, drawing on protein function, family and location
annotations or compound definitions, classes and relationships. Protein training additionally in-
cludes questions about mutation effects, pathogenicity and loss of function; Figure 3¢ shows the
training mix for each domain. All slots in relational prompts use the same connector, preserving
independent connector training; combinations of different connectors are reserved for evaluation.

To encourage reuse across ways of asking a question, a compositional prompt grammar augments
text and Yes/No examples by varying wording, object references, slot placement, requested answer
format and reasoning. These variations are intended to make the representation usable across
linguistic contexts while allowing the surrounding instruction to determine the response. Figure 3b
illustrates variations in slot position, worked context, answer format and requests for reasoning.
Worked examples use other training objects, with every slot supplied through the same connector.
Supervision categories and sampling rules are in Supplementary Section A.2, with question examples
in Section A.3.

Data split. To evaluate generalization beyond the objects used to fit a connector, we separate
training and held-out pools before constructing examples (Figure 4a). Protein sequences and an-
notations come from Swiss-Prot, the reviewed part of UniProt [68]; compounds come from the
three-star entries of ChEBI [51]. The molecule training pool is substantially smaller, with ap-
proximately 34,000 compounds compared with 184,000 proteins, and covers a narrower range of
annotation types; protein supervision additionally includes variant effects (Figure 3). The protein
split uses an MMseqs2 exclusion criterion of 30% sequence identity and 80% coverage [66]; molecules
are separated at ECFP4 fingerprint Tanimoto similarity 0.5 after grouping related chemical forms.
The exclusion applies to every object in a connector-training prompt, including worked examples
and relational partners, so those contexts cannot reintroduce held-out objects.

Layer selection uses scan objects from the training pool, excluded from fitting the maps used in
the scans. Split construction is detailed in Supplementary Section A.2.1. These exclusions concern
connector training, not exposure during the LLM or specialist model’s pretraining.

Alignment and injection layer selection. We implement the Align and Select stages outlined
in Section 2.2 as follows. We fit ridge maps from the selected specialist representations to LLM
states at object names in prompts containing a description followed by the name. We average the
name token states for proteins and use the final name token state for molecules. Names are needed
for these fitting objects, but not when using the trained connector. Name and description reference
targets are compared in Supplementary Section A.4.4.

We evaluate each aligned map separately on the scan objects using five diagnostic Yes/No
questions per domain. Mean task AUROC gives a profile across injection layers for each connector;
injecting the LLM’s own name token states provides a reference profile. For each domain and LLM,
we take the maximum across these profiles at each layer to form an envelope. Guided by its local
maxima, we select layers spanning the LLM’s depth and use the resulting schedule for all specialists
in that domain. Table 2 lists the schedules, with profiles shown in Supplementary Figure 18.

At every selected injection layer, each connector’s mixing weight is initialized from its mean task
AUROC above chance: we subtract 0.5, normalize by the best layer’s above-chance score and clip
to [0.1,0.9]. All these weights are then learned during training. Reference layer choices, diagnostic
questions and fitting details are given in Supplementary Sections A.4.3 and A.4.5.

Training and evaluation tasks. We deliberately withhold selected task categories to test
whether a trained connection can support new questions (Figure 4a). Task training uses the varied
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Figure 4: Object, task and cross-domain evaluation design. (a) Training and held-out
object pools, question types and data sources. Training counts give the pools used by the fitted
connectors; held-out counts give the full validation and test splits, not evaluated sample sizes.
The joint card reports evaluation groups from Rhea and BindingDB for reaction participation and
protein—compound binding. Cross-domain evaluations include both familiar and held-out objects.
(b) The progression from trained questions about held-out objects to held-out questions about held-
out objects, then cross-domain questions using independently trained connectors. Solid slots denote
training objects and dashed slots denote held-out objects. The example questions are illustrative.
Within-domain composition of different connectors is an additional evaluation described in the text.
Final task definitions, scored populations and controls are in Supplementary Section B.

LLM Proteins Molecules
Gemma 3 4B 2,7, 11, 17, 26, 33 4, 7,12, 16, 21, 32
Gemma 3 12B 6, 11, 16, 23, 33, 44 4,9, 17, 23, 31, 41
Kimi K2.6 7, 13, 22, 33, 49, 58 7,13, 22, 32, 49, 57

Table 2: LLM injection layers. Shared layers for each domain and LLM were chosen to span its
depth, guided by local peaks in the maximum AUROC envelope over connectors and the LLM’s
own-state reference.
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annotation-derived questions above, with no object-naming response target. Reserved tasks include
protein lineage and length, selected compound roles and compound mass. This restricted super-
vision creates a test of zero-shot transfer; applications prioritizing performance on known tasks
could train on a broader range of relevant questions, including categories withheld here. Selected
grammar entries are also reserved to test new phrasings. Withholding a question does not remove
every related clue from the remaining training annotations.

The evaluations distinguish three forms of reuse (Figure 4b). Trained questions on unseen
objects test generalization beyond the fitting pool; new questions on unseen objects test flexibility
beyond supervised tasks; and joint questions test composition of independently trained connections.
Within-domain comparisons combine different protein connectors. Cross-domain comparisons use
Rhea reaction-participation and BindingDB protein—compound binding questions, bringing protein
and compound connectors together without any cross-domain training stream. These evaluations
include both familiar and unseen objects, with the available combinations determined by task
and filtering. The Rhea comparison in Figure 8c contains only unseen proteins: nearly every
seen-protein pair was excluded because its relation was already stated in the protein connector’s
training descriptions. Different connectors are combined only at evaluation, without further fitting.
We separately assess how response mode affects use of the supplied information. Main comparisons
use the final 2,000-step checkpoint of each connector.

3.3 Training implementation and cost

We train each connector with a target batch size of 85 examples per optimizer step. Answer-
token losses are weighted by answer type, semantic segment and position within each segment,
emphasizing informative content over predictable connecting text, and normalized by the total
token weight. We use AdamW with learning rates for the maps, biases and input constant scaled
to their initial magnitudes, a 20-step linear warmup, and a constant rate thereafter. Following
the Trellis optimization recipe [21], we distribute expert computation across eight GPUs and pack
examples to avoid processing padding, leading to 5.1x and 1.19x improvements in training-step
throughput, respectively.

Alignment and layer selection took tens of minutes for Gemma and a few hours for Kimi K2.6,
using precomputed specialist representations. Training for 2,000 updates took roughly three hours
on one H100 for Gemma 3 4B, four hours on one H200 for Gemma 3 12B, and 12 hours on
eight H200s for Kimi K2.6 per connector. Detailed training settings are given in Supplementary
Section A.5.

4 Results

For each of the three LLMs, we train six connectors independently on a subset of objects and
tasks, without exposure to other connectors. We evaluate generalization to unseen objects, zero-
shot transfer to new tasks, and composition within and across domains, examining how these
capabilities vary with LLM capability. We then examine the LLM’s responses to latent inputs, the
effect of reasoning, and how injection depth and token count affect performance.

4.1 Within-task generalization

We first evaluate whether connectors can answer familiar types of questions on previously unseen
objects. As described in Section 3.2, the proteins and molecules are excluded from connector fitting,
and the questions use wording withheld from training. For each Yes/No question, we rank objects
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by the LLM’s relative probability of Yes versus No and report the area under the receiver operating
characteristic curve (AUROC), with 0.5 indicating chance discrimination. Scoring and uncertainty
are described in Supplementary Section B.1.

a Unseen proteins b Unseen molecules ¢ Across LLMs
Kimi K2.6, AUROC Kimi K2.6, AUROC mean AUROC
Translation Biomolecules 0.95 —
1.0 1.0

0.90 - i’/’

Subcellular Enz_yme Other Ring
location activity b systems

0.85 -

0.80 -
Gemma Gemma Kimi
Metabolism, Nucleic-acid f Oxygenl Heterocycles 4B 12B K2.6

transport binding unctiona '
groups

—e— MIMIC =-e= ESM-C 600M - & PGLM-1B —e— MoLFormer =e= Uni-Mol2 - ChemFM 1B =& Proteins -li- Molecules

Figure 5: Within-task generalization to unseen objects. (a—b) Task-group AUROC for
protein and molecule connectors attached to Kimi K2.6. Protein connectors perform similarly
across groups, while molecule connectors differ most on heterocycles. (¢) Mean AUROC across
the three specialists in each domain for Gemma 3 4B, Gemma 3 12B and Kimi K2.6. Protein
performance increases across these LLMs, whereas molecule performance varies less and peaks with
Gemma 3 12B. Error bars in (c¢) show 95% bootstrap confidence intervals.

With Kimi K2.6, all six connectors support strong performance on objects excluded from con-
nector fitting. Across the three protein connectors, mean AUROC over trained tasks ranges from
0.92 to 0.93, with similar performance across connectors on questions about enzyme activity, nu-
cleic acid binding, translation, metabolism and transport, and subcellular location (Figure 5a). The
three molecule connectors achieve mean AUROCs of 0.87-0.93 across trained tasks, with greater
variation across chemical classes and the largest differences on heterocycles (Figure 5b). A matched
control for unseen question wording is given in Supplementary Section B.2.

Averaging across the three specialists in each domain reveals different trends across LLMs
(Figure 5¢). Protein performance increases from Gemma 3 4B through Gemma 3 12B to Kimi
K2.6. Molecule performance varies less and peaks with Gemma 3 12B. On new tasks, however,
Kimi K2.6 substantially outperforms both Gemma models in both domains (Section 4.2).

4.2 Zero-shot transfer to new tasks

We next evaluate new tasks on unseen objects. Beyond explicitly excluding these question types
from connector task training, we filter the free-text descriptions used as training targets to reduce
disclosure of information related to these questions. We then classify a task as zero-shot only when
the estimated remaining description exposure is below 0.1% of training examples (Supplementary
Section B.3.1).

With Kimi K2.6, the three protein connectors show strong transfer across questions about
lineage, magnesium binding, coiled-coil regions, acetylation and length (Figure 6a), with the highest
scores for lineage or length.
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Figure 6: Zero-shot transfer to new tasks on unseen objects. (a—b) Task-group AUROC for
protein and molecule connectors attached to Kimi K2.6. Protein connectors show similar transfer
performance, while molecule transfer is strongest for mass. (c¢) Mean AUROC across the three
specialists in each domain for Gemma 3 4B, Gemma 3 12B and Kimi K2.6. Performance increases
across these LLMs in both domains. Error bars in (c) show 95% bootstrap confidence intervals.
*Starred question types had exposure up to 0.3%, and in some cases related information may have
been implied in the training examples’ free-text descriptions.

Molecule transfer is strongest for predicting whether mass exceeds 329 Da, with AUROC 0.89-
0.93 across the three connectors (Figure 6b). Transfer to chemical roles is weaker and more variable:
drug-role AUROC ranges from 0.65 to 0.72, while metabolite-role performance is near chance, at
0.45-0.57. The figure also reports agrochemical and other roles, including the starred question
types with greater estimated description exposure. Task definitions and populations are given in
Supplementary Section B.3.2.

Averaging across the three specialists in each domain, transfer performance increases from
Gemma 3 4B through Gemma 3 12B to Kimi K2.6 (Figure 6¢). The gains are evident in both
domains, including molecules, for which performance on trained tasks varies much less across LLMs.
These results show that the connections support questions beyond their task supervision, with
stronger transfer in the more capable LLMs.

To examine what task training adds beyond alignment, Figure 7 compares the performance of
the same connectors before and after Train (Section 2.2). Each point averages the three specialists in
a domain for one LLLM. Before task training, the aligned representations already support predictions
on a range of trained and unseen questions.

For proteins, training improves performance across the displayed trained and unseen task groups
with all three LLMs (Figure 7a—b). Molecule training generally improves performance on trained
tasks, but reduces performance on most unseen tasks (Figure 7c—d). Mass prediction improves only
with Kimi K2.6, illustrating that the effect of training also depends on the LLM.

These patterns suggest that connector training can improve general access to specialist infor-
mation or favor the supervised properties at the expense of other information. The broad protein
gains are consistent with improved access, while the molecule transfer losses suggest greater spe-
cialization toward the training tasks. Transfer may arise because the frozen LLM can combine
accessible object properties with relationships learned during pretraining to answer new questions.
A more capable LLM may be better able to use this information, consistent with the transfer trend
in Figure 6c¢.
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Figure 7: Effects of connector training on trained and unseen tasks. Open and filled
markers show AUROC after alignment and after connector training, respectively, averaged across
the three specialists in each domain for each LLM. (a—b) Training improves performance on both
trained and unseen protein tasks. (c¢) Training generally improves performance on trained molecule
tasks. (d) Performance declines on most unseen molecule tasks; mass prediction improves only for
Kimi K2.6. *Starred question types had exposure up to 0.32%, and in some cases related information
may have been implied in the training examples’ free-text descriptions.

We next ask whether independently learned connections can also be used together.

4.3 Zero-shot compositionality

Compositionality requires independently trained connections to remain useful when brought to-
gether. We test two forms of this capability: combining different specialist views of the same
object, and answering questions about relationships between objects from different domains. Nei-
ther combination receives joint training.

For information merging, we supply three representations of the same unseen protein, one each
from MIMIC, ESM-C and PGLM. We compare each connector individually with all three used
together, asking trained and unseen questions with Gemma 3 4B, Gemma 3 12B and Kimi K2.6.
Controls using repeated copies of one specialist are reported in Supplementary Section B.5.

The benefit of combining representations depends on the LLM (Figure 8a—b). With Gemma 3
4B, the combination performs worse than every individual connector on both trained and unseen
tasks. With Gemma 3 12B, it approaches the best individual connector on trained tasks but
remains below all three on unseen tasks. With Kimi K2.6, combining the representations improves
mean AUROC over every individual connector on both task groups. Thus, the most capable LLM
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Figure 8: Zero-shot composition of independently trained connectors. Compositionality
improves with LLM capability, with Kimi K2.6 benefiting most from combining independently
trained connectors. (a—b) Individual and combined protein connectors on trained and unseen
tasks. (c) Rhea reaction-participation ordering. The first three columns compare LLMs using
ESM-C 600M and ChemFM 1B with single-token linear connectors. The final column shows Kimi
K2.6 using ESM-C 6B and ChemFM 3B with four-token MLP connectors (Section 4.5). Point
estimates are higher for seen molecules. All proteins are unseen: nearly every seen-protein pair was
excluded because the protein connector’s training descriptions already stated the queried relation.
Error bars show 95% bootstrap confidence intervals.

tested can benefit from multiple specialist representations without joint connector training, while
additional inputs can reduce performance in smaller LLMs.

We next test composition across domains by connecting ESM-C 600M and ChemFM 1B to each
LLM. Given a protein embedding and a compound embedding, can the LLM tell whether the protein
catalyzes a reaction in which the compound is a substrate or product? We construct this task from
UniProt-linked annotations in Rhea, a curated database of biochemical reactions [6]. Each matched
group starts with two annotated protein—compound pairs; swapping their compounds gives two
mismatched pairs made from the same objects. We measure how often the LLM scores an annotated
pair above a mismatched pair sharing its protein or compound. Because each object appears in
both types of pair, this tests their relationship rather than a preference for particular objects;
chance ordering is 0.5. Task populations and scoring are detailed in Supplementary Section B.6.

All evaluated proteins are unseen. We exclude relationships stated in the protein connector’s
training descriptions, which leaves almost no eligible pairs containing familiar proteins. We therefore
compare unseen proteins paired with either familiar or unseen molecules (Figure 8c). Both settings
test a new relationship question: the connectors were trained independently, without protein—
compound relationship questions or access to one another’s representations.

With the single token linear connectors, ordering performance increases from Gemma 3 4B
through Gemma 3 12B to Kimi K2.6. Gemma 3 4B performs near chance, whereas Kimi reaches
approximately 0.57 with unseen molecules and 0.59 with familiar molecules. Using the larger ESM-
C 6B and ChemFM 3B specialists with four token MLP connectors (Section 4.5), Kimi reaches
0.75 and 0.80, respectively, showing the potential of LIP beyond single token linear injections.
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Familiar molecules have higher point estimates in every configuration. Together with the protein
composition results, this shows that independently trained connectors can support joint use within
and across domains.

4.4 LLM responses to latent inputs and the effect of reasoning

a The slot is read as a name b Reasoning lowers AUROC
Protein property prediction
Prompt
Here is an unknown protein, given to you
as an embedding: <SLOT>. ® Direct M After reasoning

Embedded protein: Parvalbumin beta

LLM reasoning
.. Actually, looking again: "Here is an unknown

protein, given to you as an embedding:
Parvalbumin beta." ..

Gemma 3 4B HIH +HOH

Gemma 3 12B HEH HH
Prompt
Protein embedding: <SLOT>. Is this from an animal?
Embedded protein: U5-hexatoxin-Mrla Kimi K2.6 HH 1@
LLM reasoning
I 1 1
Th(.é user wants ‘Fo know if thtle protein with embedding 0.6 0.8 1.0
Biotin-16-XX' is from an animal. .. Mean task AUROC

Figure 9: LLM responses to latent inputs and the effect of reasoning. (a) Examples of the
LLM treating injected protein embeddings as protein names. (b) Mean task AUROC for direct
answers and answers after reasoning, averaged across protein connectors for each LLM. Reasoning
reduces protein-property prediction performance for all three LLMs. Bars in (b) show 95% object
bootstrap confidence intervals, using shared draws across tasks and connectors.

The preceding results show that the LLM can use injected embeddings to predict properties
and relationships. However, this form of input is out of distribution for the pretrained LLM and
can also lead to undesirable behavior. During reasoning with a protein connector, for example, the
LLM regularly treats the injected slot as though the user had supplied a protein name (Figure 9a).
This interpretation is unsurprising because the LLM did not encounter these protein embeddings
during its own training. Mapping an embedding to a familiar protein name is itself a nontrivial feat:
it connects a specialist model’s representation to the extensive biological knowledge available to
frontier LLMs. This raises a central question: does LIP work by mapping an embedding to a protein
name and recalling facts associated with it, or does the embedding provide useful information
beyond that name?

We first examine reasoning, during which this interpretation of the embedding as a name be-
comes explicit. Averaged across protein connectors, reasoning reduces mean task AUROC for
Gemma 3 4B, Gemma 3 12B and Kimi K2.6 (Figure 9b). We request brief reasoning with a 200-
token generation limit and then score Yes/No answers, retaining cases that reach the limit. The
comparison therefore measures discrimination under this reasoning procedure, rather than the ac-
curacy of naturally completed answers. In a separate control, when Kimi K2.6 receives the protein’s
true name without latent injection, reasoning increases mean task AUROC by 0.03.
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Figure 10: Latent inputs preserve useful distinctions beyond names. (a) Protein-property
prediction using embeddings or names generated from those embeddings. Retaining the embedding
gives higher AUROC for all three LLMs. (b—c) Lineage and length discrimination among proteins
sharing the same name, measured by within-name concordance; lineage uses four low-exposure
questions, and length tests whether a protein exceeds 320 amino acids. Embeddings provide infor-
mation beyond the shared name, with Kimi K2.6 showing the strongest performance in both tests.
Supplied names score 0.5 by construction. Error bars show 95% bootstrap confidence intervals.

To test whether this name readout accounts for LIP’s performance, we ask the LLM to infer
a name from the protein embedding, then replace the embedding with that name and ask the
same downstream questions. This replacement reduces mean task AUROC for all three LLMs
(Figure 10a). This provides evidence that the embedding provides useful information beyond what
the LLM recalls from the inferred name. However, the loss could reflect incorrect name inference
rather than information missing from a correct name.

We therefore next ask whether the embedding provides useful information beyond even the
correct supplied name. Among proteins with identical database-name strings, we test four low-
exposure lineage questions and whether length exceeds 320 amino acids (Figure 10b—c). A de-
terministic name-only score must tie within each group, since both the name and the question
are identical. Embeddings yield mean within-name concordance above 0.5 for both tests with all
three LLMs, with Kimi K2.6 performing best in each. These results show that the latent input
supplies useful distinctions beyond the shared name. Name-substitution and within-name controls
are defined in Supplementary Section B.7.

Together, these results show that LIP’s usefulness cannot be explained solely by recalling infor-
mation associated with the supplied object name. One interpretation of the reasoning decline is that
the LLM maps the unfamiliar latent input to a familiar name and then reasons mainly from that
name, leaving other useful information underused. Given the central role of reasoning in modern
LLM use, this points to a need for frontier language models trained to work with information-rich
latent placeholders and draw on their content throughout the reasoning process.

4.5 LIP ablations, extensions and scaling

Throughout the preceding experiments, each connector represented an object with one token, in-
jected at multiple LLM layers. The specialists vary in size; when multiple versions were available,
we selected the one closest to one billion parameters. We now examine how injection depth, token
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count, specialist scale and connector architecture affect performance, and compare the resulting
connectors with supervised linear baselines.

a Proteins b Molecules
Average of trained and unseen tasks Average of trained and unseen tasks
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Figure 11: Effects of write location and token count. Gemma 3 12B with MIMIC (a) and
ChemFM-1B (b). Mean of trained and unseen task performance; error bars show 95% bootstrap
intervals. The paper’s connector uses one token and six injection layers. Moving a single-token
write from the input to the best layer improves performance, supporting deep injection. Six input
tokens match the six-layer connector’s parameter count but require more inference compute; even
so, performance is higher than single-token injection at the best layer but below the six-layer
connector.

Injection depth. We examine how injection depth and token count affect performance using
Gemma 3 12B with MIMIC for proteins and ChemFM 1B for molecules (Figure 11). In both
domains, moving a single-token write from the input to the best internal layer improves mean
AUROC. Writing to the same token at six selected layers improves performance further, supporting
the use of deep, repeated injection in the connectors used throughout the paper.

To compare repeated injection with a larger input interface, we also supply six tokens at the
input layer. This matches the connector parameter count of one token with six injection layers,
but requires more inference compute because the additional tokens pass through the LLM. Despite
this additional compute, six input tokens achieve higher mean AUROC than one token at the best
layer but remain below one token at six layers. These results suggest that, at matched connector
parameter count, distributing injection across layers is more effective than supplying additional
tokens at the input.

Beyond single token linear injections. LIP permits richer interfaces than a single token with
linear injection maps. To explore these extensions with the aim of maximizing performance, we
connect ESM-C 6B to Kimi K2.6 and compare four-token connectors with linear maps, MLPs and
transformer blocks (Figure 12). We also compare using the same injection layers for all tokens with
staggering their injection layers. Mean AUROC across trained and unseen tasks increases from
approximately 0.89 for the single-token connector to 0.90 with four-token linear maps and 0.92
with MLP or transformer connectors.

The MLP performs comparably to both transformer variants. After 2,000 training steps, the
transformer blocks’ attention maps remain fairly uniform, suggesting limited specialization in how
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Figure 12: Connector extensions. ESM-C 6B with Kimi K2.6: mean AUROC across trained
and unseen tasks after 2,000 training steps. Error bars show 95% bootstrap intervals.

they combine their inputs. This may help explain their similar performance to the MLP and
suggests that realizing the benefits of more expressive connectors may require further training,
changes to their optimization, or new residue-specific training tasks.

a Proteins b Molecules
Trained and unseen tasks Variant effects Trained and unseen tasks
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Figure 13: Specialist and LLM scaling. (a) Proteins: mean task AUROC and variant pair
accuracy; (b) molecules: mean task AUROC. Protein property performance varies more across
LLMs than across specialist sizes, while variant effects show the opposite pattern. Error bars show
95% confidence intervals, including seed variation for Gemma 3 4B and 12B.

Specialist and LLM scaling. We next examine how performance depends on the scale of both
the specialist and the LLM, considering proteins (Figure 13a) and molecules (Figure 13b). For
proteins, we compare ESM-C models from 300M to 6B parameters across the three LLMs. Protein
property performance varies more across LLMs than across specialist sizes. This may partly reflect
the larger difference in scale between the LL.Ms: Kimi K2.6 has 1T total and 32B active parameters,
compared with 4B or 12B for Gemma 3. Architecture and pretraining also differ, so this comparison
does not isolate parameter count.

20



To test how scaling affects sensitivity to small sequence changes, we also evaluate variant effects.
We compare pairs of mutations from the same protein with opposite pathogenicity or loss of function
labels. Pair accuracy measures how often the positively labeled variant receives the higher Yes/No
log odds, with ties contributing one half.

This evaluation reveals a different scaling pattern. Increasing ESM-C from 600M to 6B yields
substantial gains across all three LLMs, whereas increasing LLM size does not consistently improve
performance. The relative benefit of specialist and LLM scaling therefore depends on the task: a
more capable LLM can make better use of available specialist information, but the specialist must
first encode the distinctions needed to answer the question.
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Figure 14: Comparison with supervised linear probes. Kimi K2.6 results using the four-token
MLP connector of the previous section. On trained tasks, connectors match logistic regression in
both domains. On new tasks, connectors trail the supervised probes, but are evaluated zero-shot.
Scores are mean task AUROC or variant pair accuracy; error bars show 95% bootstrap intervals.

Comparison with linear baselines. The preceding results establish that LIP supports non-
trivial prediction across diverse tasks. To put this performance in context, we compare the LLM
connectors with supervised linear probes: logistic regression classifiers trained to predict each task’s
labels directly from the same frozen specialist embeddings, without an LLM. On trained tasks, the
LLM connector matches the supervised probe in both domains (Figure 14).

On new tasks, the LLM connectors underperform the probes in both domains, but this is
not a comparison under matched supervision. Each probe is trained on labels for the task being
evaluated, whereas the connector must answer these questions without explicit training on those
tasks. The probes therefore provide a supervised reference for the information accessible in the
specialist embeddings, while the connectors are being tested on zero-shot task transfer. For protein
tasks, mean zero-shot AUROC is 0.88, compared with 0.96 for the supervised probe.

5 Discussion and outlook

LIP demonstrates a direct, high-bandwidth channel from scientific specialists to a shared language
model: one latent input supports many questions, and independently aligned inputs can be used
together. The broader position is that communication between models should not require every
useful property to be selected and rendered for a human reader first. Keeping the LLM and
its existing connections fixed makes extension possible through independent connector training,
allowing a new specialist to join without changing those already connected.
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The demonstrations establish three forms of reuse. Connections retain useful information about
objects excluded from connector fitting; fixed connections support questions beyond their train-
ing tasks; and separately trained connectors support joint questions in combinations never fitted
together, including protein—compound relationships. The quality of these predictions depends on
both LLM capability and specialist scale. More capable LLMs generally provide better backbones
for trained and zero-shot tasks, with the clearest gains in task transfer and composition. On trained
tasks, the four token MLP connectors match supervised linear probes in both domains.

Limitations. Despite these gains, our experiments explore only a small part of the possible
connector designs. More expressive transformer connectors do not yet outperform MLPs, and their
attention remains fairly uniform after 2,000 training steps (Section 4.5). Further extensions must
account for the extra inference cost of additional tokens and, for residue-level or spatial questions,
the need to preserve finer detail in specialist representations.

Our scaling comparisons span LLMs with different model families and training histories, so
they do not isolate parameter count as the cause of improved performance. Experiments spanning
more specialists, scientific domains and LLMs will also be needed to establish the breadth of the
framework’s usefulness. Evaluating these connections in scientific workflows would help determine
how their benefits compare with the costs of constructing and maintaining them.

Our connectors also supply specialist representations to an LLM that was not trained to receive
them. Connector training can improve performance on supervised tasks while reducing transfer,
as observed for molecules. Together with the LLM’s uneven use of specialist information during
reasoning and composition, this points to a remaining challenge: enabling independently connected
specialists to contribute reliably to the LLM’s answers across changing questions and combinations.

Outlook. Preparing LLMs for representation exchange during their own training could enable
more effective use of specialist information. Beyond learning to receive latent inputs, models could
learn to reason in latent space, working with complex concepts that are difficult to express in human
language. Emerging approaches to continuous and modality-grounded reasoning provide starting
points for exploring this possibility [29, 39]. Such capabilities would extend the benefit of direct
communication into the reasoning that follows it.

For LLM developers, concrete steps include pretrained slots for external representations, ex-
tending the reserved placeholders that already carry numerical values [26] or a multilingual en-
coder’s sentence embedding [2], and training objectives that reward their use across questions and
combinations of sources. Preparing a shared LLM in this way could make it more receptive to spe-
cialists connected later through independent alignment, preserving extensibility without retraining
the LLM for each addition. Documented, versioned injection interfaces would help sustain these
connections as models evolve, making connectors easier to validate and refit across releases.

Specialist developers can contribute consistent extraction interfaces and clear descriptions of
what their representations encode, including their granularity. These conventions would make
models easier to connect while leaving them free to learn different representations. Connectors
would supply the alignment, preserving the diversity of information available to the LLM.

Together, these efforts could support a growing registry of independently connected specialists
alongside existing tool interfaces (Figure 1b). MCP, retrieval and Python would remain indispens-
able for accessing sources, running computations and acting on the world; LIP would enrich the
information available within the agent’s context. We call on the community to develop models and
interfaces that let scientific agents receive and reason with specialist knowledge at the bandwidth
its representations support.
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A Methods: building a connector

This section gives the construction recipe used for our demonstration. The choices of representation,
alignment reference, injection layers and training objective are implementation choices within LIP.
The shared evaluation protocol is in Section B.1; additional controls are in Section B.

A.1 DModels and representations

We connect each specialist independently to Gemma 3 4B, Gemma 3 12B and Kimi K2.6. All pre-
trained weights are frozen, and specialist embeddings are extracted before connector fitting. Table 1
specifies the selected layers, pooling and concatenation order; the same specialist representation is
used for all three LLMs.

For proteins, we use MIMIC, ESM-C 600M and PGLM 1B. The ESM-C and PGLM revisions
are fcc9d36f and 676clbcb, respectively. Mean pooling excludes special and padding tokens.
MIMIC accepts sequences up to 10,000 amino acids. Longer inputs to ESM-C and PGLM are split
into windows of at most 2046 and 1023 amino acids, respectively, and window means are weighted
by their lengths.

The molecule models are MoLFormer-c3 (9f1b9ea3), ChemFM-1B (£99dc2e8) and Uni-Mol2
1.1B through unimol_tools 0.1.6. MoLFormer and ChemFM use SMILES, derived from InChl
when necessary, truncated to their configured limits of 202 and 512 tokens. Uni-Mol2 uses coor-
dinates with hydrogens removed. Its current extraction retries failed three-dimensional conformer
generation from random coordinates, checks specified stereochemistry, and otherwise retains the
original fallback. The current Uni-Mol2 extraction uses isolated padding and no atom cropping.
These extraction choices are part of the connector’s representation definition.

30



Table 3: Task supervision and reserved categories. Reserved questions may have related information
in description targets.

Domain Task supervision Reserved question categories
Protein Function, family, subunit, catalytic activity, Lineage, length, selected modifications,
EC class, pathway, location and selected cofactors and domains.

keywords; relations and variant effects,
pathogenicity and loss of function.

Compound  Definitions, mechanism roles, structural Selected provenance, application and
classes and functional parents; relations chemical roles; formula, mass, charge and
between compounds. element-based questions.

A.2 Data, splits and supervised targets
A.2.1 Sources and object separation

Protein sequences and annotations come from reviewed UniProtKB/Swiss-Prot entries, release
2026_03, and compounds from three-star ChEBI entries, release 255. Text targets use the corre-
sponding annotation fields with source citations and markup removed. Definitions, classes, roles
and functional-parent relations are processed separately to control which information is used for
fitting. Rhea supplies reaction relationships for cross-domain evaluation.

Protein splits use MMseqs2 at 30% sequence identity and 80% coverage of both sequences,
checked in both search directions at £ < 1073. Related chemical forms are grouped before molecule
splitting, with similarity links at ECFP4 Tanimoto similarity 0.5 (radius 2, 2048 bits). Cross-split
links are removed by reassignment or exclusion; only objects with the required embeddings and
annotations enter fitting. These exclusions apply to every object in a training prompt, including
worked examples and relational partners. They concern connector training; overlap with LLM or
specialist pretraining is unknown.

A.2.2 Supervised and reserved targets

Table 3 summarizes the task partition. Names provide alignment references and textual controls,
but naming the object is not a training target. Annotation-derived negatives indicate missing
annotations, not verified biological or chemical absence. A question withheld from task training
may still be answerable from descriptions or correlated annotations (Section B.3.1).

Molecule roles are separated by ontology ancestry before the remaining mechanism roles are
assigned to training; class labels include transitive is_a ancestry. The partition accounts for related
ontology labels as well as the named categories themselves. The mass threshold is fixed at 329.29
Da, the median of the original training split, and retained after subsequent data filtering.

A.2.3 Sampling and relational examples

Protein training draws 40% single-object text, 20% Yes/No, 20% relational and 20% variant ex-
amples. Molecule training draws 50% text, 25% Yes/No and 25% relational examples (Figure 3).
For ordinary object sampling, an object’s weight is proportional to 1/,/n., where n. is its cluster
size. Yes/No sampling balances positive and negative labels after selecting a question type. The
variant stream includes mutation-effect descriptions, pathogenicity and loss-of-function questions,
and wild-type-mutant comparisons.
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Relational answers state annotation-derived facts about one, two or three objects and identify
them by prompt position. Half of odd-one-out draws use hard negatives differing at the annotation
level requested. Every injected slot within a training example uses the same connector; combining
independently trained connectors is reserved for evaluation.

A.3 Question examples and prompt construction

The examples below illustrate the question forms used in our experiments. <SLOT> denotes an
injected position. Chat-template tokens and worked-example preambles are omitted; the displayed
targets illustrate annotation supervision, not generated responses. Descriptions and binary ques-
tions concern one object, relational questions compare objects, and combined representations and
cross-domain questions test composition of independently trained connectors.

Protein description.

What does UniProt say about its subunit structure? The protein is<SLOT>.
Target: The complex is composed of two ATP-binding proteins, two transmembrane proteins
and a solute-binding protein.

Compound description.
What is the compound given as<SLOT> active as?
Target: Role: antifungal agent.

Yes/No property question.

Here is an unknown protein, given to you as an embedding:<SLOT>. Does this
protein bind DNA? Answer Yes or No.

For compounds, the same frame asks, for example, Is this compound a lipid?, Is this
compound a metabolite?, or Is the molecular mass of this compound above 329 Da?

Several properties in one question.
Give a short profile of the protein<SLOT>: its family, where it is found and
what it does.

Relational comparison.
Do the proteins<SLOT> and<SLOT> belong to the same family? Explain.
A compound example is Do<SLOT> and<SLOT> derive from the same parent compound?

Relational choice.

Three proteins:<SLOT>,<SLOT>,<SLOT>. Two share a family. Which one does not?
Target: The first and third belong to the CDC42SE/SPEC family; the second belongs to the
CTF8 family. The second is the odd one out.

Variant effect.
Here is a mutant protein, given to you as an embedding:<SLOT>. What is the
effect of its mutation?

Variant pathogenicity and loss of function.

Is the following missense variant pathogenic? Variant:<SLOT>
Consider the protein variant<SLOT>. Does this variant lose activity?
Both use a binary answer convention.

Wild-type—mutant comparison.
Protein 1:<SLOT>. Protein 2:<SLOT>. Protein 2 is a point mutant of protein 1.
What is the effect of the mutation?

Several representations of one object.

Here is an unknown protein, given to you as an embedding:<SLOT><SLOT><SLOT>.
Does this protein bind DNA? Answer Yes or No.

The slots contain different specialists’ representations of the same protein.
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Cross-domain question.

Here is an unknown protein, given to you as an embedding:<SLOT>. Here is an
unknown compound, given to you as an embedding:<SLOT>. Does this protein
catalyze a reaction in which this compound is a substrate or a product? Answer
Yes or No.

Name elicitation.

Here is an unknown protein, given to you as an embedding:<SLOT>. What is the
name of this protein? Reply with the protein name only.

The response can replace the embedding in a subsequent property question; a supplied-name
control instead uses the database name.

Text and Yes/No training prompts vary wording, slot placement and requested answer format
through a compositional grammar. Worked examples use other training objects outside the query’s
cluster, and every injected example uses the same connector. Selected phrasings are reserved for
evaluation. Text and variant targets are capped at 48 tokens and relational targets at 96; truncation
does not add an end-of-answer token. Binary evaluations use a single user turn and the Yes/No
frame above, with reasoning disabled unless explicitly tested. Requests for reasoning change the
response procedure described in Section 4.4.

A.4 Align and Select
A.4.1 Specialist read profiles

Before alignment, ridge probes compare specialist layers using property labels and five cluster-
separated folds. For proteins, additional clinical and functional variant probes use the difference
between mutant and wild-type representations. These probes assess the specialist representation
without using the LLLM. Candidate layers and concatenations are compared by task performance,
leading to the human-selected representations in Table 1 and those used in the scaling experiments.

Figures 15 and 16 show layer profiles alongside the chosen representations. Property means
use the per-specialist task subsets retained in the original scan summaries, applying the same
subset to every representation of that specialist. The subsets differ across specialists, so these
curves primarily compare layers within a specialist. Protein variant curves average the clinical
and functional probe AUROCs. ChemFM 3B uses all 59 property probes and concatenates the
last-token and mean-pooled embeddings at each layer. The profiles are exploratory guidance for
representation choice.
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Figure 15: Protein specialist read profiles. Mean AUROC of property (green) and variant
(purple) probes for mean-pooled representations across specialist layers. Vertical lines mark chosen
layers, and dashed lines show the corresponding scores of the chosen single-layer or concatenated
representation.
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Figure 16: Molecule specialist read profiles. Mean property-probe AUROC across specialist
layers, using mean-pooled embeddings for MoLFormer, Uni-Mol2 and ChemFM 1B, and concate-
nated last-token and mean-pooled embeddings for ChemFM 3B. Vertical lines mark chosen layers,
and dashed lines show the scores of the full chosen representations.

A.4.2 Standardization and the write operation

Coordinate means and standard deviations are fitted on the regression objects and fixed thereafter:
zj = (ej — pj)/(s; +1078). At selected layer ¢, an affine map d, = Wz + by supplies the slot’s write
direction. Normalization and mixing (Equation 1) use float32 with norm denominators bounded
below by 1076 before casting back to the LLM’s computation dtype. A learned object-independent
constant supplies the input-embedding slot direction. Other token positions undergo ordinary LLM
computation.

A.4.3 Reference states and ridge fitting

Reference states are captured in prompts containing an object’s description followed by its name.
Protein targets average the name token states; molecule targets use the final name token. For
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Kimi, the target for write layer ¢ > 0 comes from layer max(¢, p.), with p, = 13 for proteins and
9 for molecules; these reference depths were selected using the same diagnostic AUROCs. Gemma
targets use the matching layer. This reference-depth rule sets the regression target and does not
restrict where the connector may write.

Ridge maps fit centered reference states from standardized specialist representations, with the
intercept set by the reference mean. The penalty is selected by five-fold cross-validation over 28
logarithmically spaced values from 10° to 10°. The scan objects are excluded from both fitting and
standardization for selection maps; the production maps use the full fitting set. Reference capture
uses names only during construction, not when the connector receives a new object.

A.4.4 Name states as an alignment reference

We compared final name-token states with mean description states from either bare text or an
assistant response following a prompt containing the name (Figure 17). Ridge maps used the
same 9017 fitting proteins; injected-task performance was averaged over five Yes/No questions on
200 held-out proteins. Name-state predictions gave better injected-question performance. This
illustrates why alignment quality is assessed through the LLM’s responses.

a Predicted states b Reference states
0.9 + 0.9
& 0.7 x 0.7
) )
0.5 0.5
T T T T T T T T T T
4 8 12 16 20 4 8 12 16 20
Injection layer Injection layer

Name Description (bare)

Description (chat)

Figure 17: Name and description states as alignment targets. Mean task AUROC at each
scanned layer in the informative band of Kimi K2.6, injecting (a) ridge-predicted states or (b) the
LLM’s actual reference states.

A.4.5 LLM write profiles and selection

Each ridge prediction is injected separately at each LLM layer. Mean AUROC across five diagnos-
tic questions gives a curve for each connector, alongside a curve obtained by injecting the LLM’s
own reference states (Figure 18). The questions concern RNA binding, transcription regulation,
hydrolase activity, membrane association and Pseudomonadota for proteins, and benzenoid aro-
matic compounds, esters, lipids, drug roles and net charge for molecules. These questions guide
layer selection.

For each domain and LLM, local maxima of the maximum envelope over connector and reference
curves guide the choice of layers spanning depth (Table 2). The shared schedule is a choice for
this demonstration. The figure shows the three specialists in each domain from Table 1 and the
maximum across those curves and the own-state reference. The original Kimi protein selection

35



also considered an ESM-C 6B curve, which is omitted from this display; the selected layers are
unchanged.

Gemma 3 4B Gemma 3 12B Kimi K2.6
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Figure 18: LLM injection-layer profiles. Mean diagnostic-task AUROC from single-layer in-
jection of aligned connector outputs (gray) and the LLM’s own reference states (dashed), with the
maximum across the displayed curves in black and chosen layers marked vertically. Rows show
proteins and molecules; columns show Gemma 3 4B, Gemma 3 12B and Kimi K2.6.

Mixing weights are initialized from each connector’s above-chance mean AUROC on the trained
diagnostic questions, normalized by its best layer and clipped to [0.1,0.9], then learned during
training.

A.5 Train
A.5.1 Objective and token weights

Only the connector’s affine maps, biases, input constant and mixing weights are trained. Gradients
pass through the frozen LLM from answer tokens to these parameters. With teacher-forced negative
log likelihood /¢;; and answer-token weight w;:, the objective is

> Witlit
i Wit .

Prompt tokens receive no loss. Position-dependent weights emphasize annotation content whose
prediction benefits from knowing the object’s name; connecting text and end tokens receive a floor
weight. Each factual span of a relational answer restarts its annotation-specific position weights,
and binary decision tokens receive full weight before stream-specific scaling.

J = (2)

A.5.2 Optimization and batching

We use AdamW with a separate base learning rate for each map-weight tensor, bias vector and
input constant, set to 0.002 times the root mean square of that tensor’s initial values. Across
the 18 connectors, the resulting absolute learning rates range approximately from 3 x 1077 to
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2 x 1072 for map weights, 8 x 107° to 3 for biases, and 4 x 1076 to 6 x 10™* for input constants;
mixing logits use a learning rate of 0.01. A 20-step linear warmup precedes a constant learning
rate; gradients are clipped to global norm 1.0. Per-step relative weight decay of 2.5 x 10~% applies
to the maps, scaled by warmup and independent of learning rate; biases, the input constant and
mixing logits are excluded. Each optimizer update targets 85 examples, with microbatches where
needed to fit memory. Main comparisons use the final checkpoint after 2,000 updates, without
selecting an intermediate checkpoint by evaluation performance. Main experiments use one training
seed per connector; the scaling comparison includes the repeated runs described in Supplementary
Section B.1.

A.5.3 Training through the frozen LLM

Kimi training adapts the expert-parallel implementation described by Workshop Labs for Trel-
lis [21], retaining INT4 expert weights with bfloat16 computation; Gemma uses a single-GPU
bfloat16 backend. Backpropagation computes gradients through the LLM with respect to its in-
puts, without LLM weight gradients or optimizer states. Packed examples retain separate causal-
attention boundaries and restart position indices for each example. Section 3.3 gives representative
training costs.

A.6 Applying and combining connectors

Each slot selects a connector and an embedding extracted according to its representation definition.
The slot retains its own normalization, maps, write layers and mixing weights; where that connector
has no write, the LLM proceeds normally. Different connectors need not share injection schedules.
Several slots may encode one object through different specialists or supply different objects, without
combining or refitting connector parameters.

A checkpoint identifies its LLM, specialist, extraction procedure, normalization and write sched-
ule. These must match at inference because the maps are specific to the model pair and represen-
tation. All inference backends apply the same recorded writes at the specified slots and layers.

B Evaluation methods and supporting evidence

The following methods and controls address whether the LLM uses the supplied object, transfers
beyond supervised questions, combines independently trained connectors and accesses information
beyond names.

B.1 Evaluation protocol

Objects and tasks. Connector training and evaluation use the object exclusions described in
Section A.2. Read and write selection use training-pool objects; write-scan objects are excluded
from fitting the selection maps but are not a held-out evaluation population. Monitoring and final
evaluations are distinguished from these construction scans. Cross-domain populations additionally
distinguish familiar and unseen objects in each domain. Matched comparisons use the same eligible
objects and questions for the conditions being compared. Enrichment for uncommon labels changes
the evaluated population relative to a random sample.

Input conditions. The own condition supplies the queried object’s embedding. A shuffled con-
trol substitutes a different object’s embedding while retaining the question, target and connector.
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The placeholder condition leaves the slot uninjected. The name condition replaces it with the
database name as text; names can activate LLM prior knowledge but are not an upper bound on
specialist information. An initial connector has completed Align and Select, before answer-loss
training. Question examples appear in Section A.3.

Scores. For binary questions, the score is s; = logp(Yes | z;) — logp(No | x;) at the answer
position, with AUROC computed against task labels. Group means weight their tasks equally;
chance is 0.5. For a supplied reference answer, the information-access gap is

Ai — L;‘.huf o Lg)wn7 (3)

where L; is mean answer-token negative log likelihood. A positive gap means that the correct em-
bedding helps predict that reference; it does not measure the accuracy of generated text. Relational
ordering and within-name concordance are defined with their controls in Section B.

Uncertainty. Where intervals are shown, matched conditions share resampled objects, and task
averages share the same resample across tasks. Within-name comparisons resample name groups.
In Figure 13, Gemma protein property and ChemFM 3B molecule results average three training
seeds; their approximate 95% intervals combine object sampling variance with the between-seed
variance of the mean. The remaining conditions in that figure use one seed and percentile bootstrap
intervals. Variant intervals resample parent protein clusters. Rare labels can leave some resamples
without both classes and therefore without a defined AUROC; narrow intervals in such cases do
not establish precise performance.

B.2 Within-task generalization

Unseen question wording. Selected question phrasings are withheld during connector training.
A matched control asked the same questions about the same proteins using either training or
reserved wording. Paired confidence intervals for changes in the information-access gap included
zero for each protein connector, with no detected loss under the reserved wording. This controls
wording while holding the object, target and context fixed.

Task groups. Displayed groups use fixed task memberships and equal-weight means of task
AUROCs. Protein groups collect related properties; molecule groups use chemical meaning and
ChEBI ancestry. These are summaries of correlated questions, not independent dimensions of
information. Rare-label limitations follow Section B.1.

B.3 Transfer to new questions
B.3.1 Description exposure

Withholding a task question does not remove its answer from all other supervision. We estimate
how often a positive object’s description target conveys the queried property, using the training
sampler’s object and text-stream weights and counting repeated presentations relative to all training
examples. Property cues are matched in capped descriptions: a 200-character approximation for
proteins and 48 Kimi tokens for molecules.

Low-exposure question types have estimated exposure below 0.1%; the main figures also identify
starred types with exposure up to 0.32%. These estimates concern description targets, not all routes
by which information could enter supervision: variant-effect text, relational answers and worked
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context are outside this metric, and correlated or implicit clues may remain. Read-layer probes
and write-selection diagnostics can also expose labels for questions withheld from connector task
training. Thus task transfer does not imply that the complete construction procedure was blind to
every tested property.

B.3.2 Tasks and populations

Transfer questions concern protein lineage and properties, compound roles and mass. Molecule
transfer uses held-out structural groups without a training analog at ECFP4 Tanimoto similarity
0.5. The mass threshold is fixed at 329.29 Da, the median of the original training split, and retained
after subsequent data filtering. Protein length uses 320 amino acids. Group means weight questions
equally, with lineage labels nested and correlated. Each comparison is restricted to objects eligible
for its tasks and input conditions.

B.4 Effect of training

Figure 7 compares the same connector after Align and Select and after Train, on matched questions
and objects. This isolates the change during connector task training while holding the specialist
and LLM fixed. It does not isolate individual supervision streams or distinguish which correlated
training targets caused a transfer gain or loss.

B.5 Merging representations of one protein

The composition comparison supplies the same protein through adjacent slots from MIMIC, ESM-
C and PGLM, without joint fitting. Repeated-source triples (MMM, EEE and PPP) control for
the effect of supplying more slots without adding a different specialist. Figure 19 compares the
three different specialists with the best single connector and the best repeated-source triple. Each
comparator is selected separately for trained and unseen tasks by mean task AUROC and held
fixed across paired resamples.

a Trained tasks b Unseen tasks
Best single —e—i Best single —e—i
Best repeated triple —e— Best repeated triple —e—i
Three specialists —e— Three specialists —e—
T T T T
0.85 0.90 0.95 0.85 0.90 0.95
Mean task AUROC Mean task AUROC

Figure 19: Complementary specialists improve information merging. Mean task AUROC
with Kimi K2.6 on 2,036 proteins for (a) five trained and (b) eight unseen questions, comparing
three different specialists with the best single connector and the best triple repeating one specialist.
Intervals are 95% paired protein-bootstrap intervals (2,000 draws).

These composition comparisons are exploratory. A separate prespecified test required improve-
ment over both controls on at least two of three metrics, with paired intervals above zero; that
criterion was not met.
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B.6 Protein—compound relations

Tasks and populations. Rhea reaction participation asks whether a protein catalyzes a reac-
tion in which the compound is a substrate or product. BindingDB supplies protein—compound
binding questions. Relations stated in training descriptions are excluded, and populations distin-
guish whether each object appeared in its own connector’s training pool. The Rhea comparison in
Figure 8c uses unseen proteins with familiar or unseen compounds. The connectors are fitted inde-
pendently, without cross-domain question supervision. Annotation-negative pairs indicate absent
annotations rather than verified biochemical non-participation. These population comparisons are
exploratory; differences between them do not isolate the causal effect of training exposure.

Matched groups and ordering. FEach group starts from two annotated protein—compound
pairs; swapping compounds yields two mismatched pairs made from the same objects. Each an-
notated pair is compared with each mismatched pair sharing its protein or compound, using the
Yes/No log-probability contrast. Correct orderings score one, ties one half and incorrect orderings
zero; the four comparisons are averaged within a group, then across groups. A score additive in sep-
arate protein and compound contributions averages exactly 0.5, so above-chance ordering requires
a relationship between inputs.

B.7 Information beyond names

Replacing embeddings with elicited names. The LLM first generates a name from the
protein embedding. That response then replaces the slot in the same property questions. Every
eligible object remains, whether or not its generated name is correct. Comparisons use matched
objects and question sets and average task AUROCs equally. A decline after replacement can reflect
an incorrect name as well as information lost by compressing the embedding to a name.

Identical-name groups. Objects are grouped by the exact supplied database-name string.
Within-name concordance compares positive and negative objects only within such groups, count-
ing ties as one half and pooling pairs across groups for each question. Question-level concordances
are then averaged equally. A deterministic supplied-name score is identical for a fixed question
within each group and therefore scores 0.5. Above-chance concordance establishes that the embed-
ding provides distinctions unavailable from that shared name alone. Figure 10b—c applies this test
to four low-exposure lineage questions and to protein length above 320 amino acids. Only groups
containing both labels are informative; nested lineage labels and limited informative groups con-
strain the interpretation. Uncertainty resamples name groups rather than treating all within-group
pairs as independent.
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